We examine the performance of three DeMark indicators (Sequential, Combo and Setup Trend), which constitute specic implementations of Technical Analysis often used by practitioners, over 21 commodity futures markets and 10 years of data. Our backtests characterise the predictive power of these indicators. 
Introduction
In nancial markets, Technical Analysis (TA) refers to a set of methods that examine past and present market activity such as price, volume and open interest to identify patterns that can predict future price movements. Recent books and literature surveys (Irwin, 2007; Menkho and Taylor, 2007; Pardo, 2008; Chan, 2013) tend to conclude that there is some value and predictive power in it, which con-support and resistance levels. Prices tend to bounce on these levels (Garzarelli et al., 2014) . On the other hand, the crossing of these levels is interpreted as prices being in motion and are likely to continue along the trend (Kosar, 1991) . There is also another approach to predicting future market movements and this is time-based forecasting (Coles, 2011; Miner, 1991) . This class of methods tries to identify patterns in time series that should repeat over time.
The statistical problems of insignicant evidence and data snooping were both known since early TA studies (James, 1968; Jensen, 1967) . Major methodological innovations came in much later in parallel with increased and more accessible computational power. In statistical testing, the replacement of predened returns distributions with simulated distributions goes back to the bootstrap approach (Brock et al., 1992) . Data snooping used to be checked on out-of-sample data until White (2000) developed an in-sample reality check. In this procedure, the best performing trading signal is tested against the simulated performance distribution of the full universe of comparable trading signals. All these technical improvements make the study of TA's predictive power more rigorous, but we should keep in mind that the determination of the predictability in nancial markets is far from being 100% accurate (Zhou et al., 2012 ).
In fact, there is an economic upper bound to TA's predictive power, which is based on a risk-return principle (Ross, 2005; Zhou, 2010) . The Ecient Market Hypothesis (EMH) has been for a long time the building block of nance theory, and it contradicts the utility of TA. In an ecient market, prices are always a good estimate of the underlying product because a huge number of competing rational prot-maximizers elaborate all available information independently of each other and will immediately act on it when price divergences appear (Fama, 1995) .
Nevertheless, recent empirical studies suggest the existence of speculative bubbles in several commodity markets Gilbert, 2010; Phillips and Yu, 2010; Cauwels, 2014, 2015a) . Market participants cannot always enter positions when a price correction is yet to come (Gromb and Vayanos, 2010) . For example, market exposures in trading books are limited by capital constraints (Shleifer and Vishny, 1997) and by internal risk limits.
In addition, even well-informed commodity traders must formulate price expectations based on partial or uncertain data (Gorton et al., 2007; Khan, 2009) and this stimulates the use of rational herding behaviours, which have been described by Devenow and Welch (1996) , Bikhchandani and Sharma (2001) , Hirshleifer and Teoh (2003) . Herding behaviour can also be irrational. Noise traders keep or adjust their positions independently of any changes in commodity fundamentals, based on judgemental biases (Ariely, 2010; Grinblatt and Han, 2005; Penteado, 2013) , on positive-feedback mechanisms (Sornette and Cauwels, 2015b ), on simple TA rules which can be easily understood also by traders with no fundamental understanding (Gehrig and Menkho, 2006) , and on crossasset strategies (Tang and Xiong, 2010) . All these aspects deviate commodity prices from fundamental values for periods long enough to disturb the normal decision making processes (UNCTAD, 2011; Filimonov et al., 2014) and may justify the use of TA. In fact, TA has always had a signicant and consistent user cohort, also among commodity traders (Smidt (1964) ; Lukac et al. (1988) ; Billingsley and Chance (1996) ; Menkho and Taylor (2007) ).
New TA techniques have always relied on visual intuition for their development (as readily found in all TA magazines), but this aspect is usually neglected during statistical tests. With the goal of keeping our approach visual, we examine one corner of this vast topic by studying the performance of DeMark chart indicators on commodity markets. In particular, we present a Monte-Carlo based backtesting framework (Aronson, 2007; Masters, 2010) to determine whether three of these individual indicators have statistically signicant predictive power. This family of indicators is, commercially speaking, one of the most popular and it is also possible to make use of it as an upgrade in leading nancial market terminals such as Bloomberg Professional ® and Thomson Reuters ® which, combined, cover roughly 60% of the market share (Staord, 2015) .
Despite this, no previous study has analysed its eectiveness, although there are other studies available on simpler chart patterns, e.g. Lo et al. (2000) . We focus our study on the 2 testing of predictive power on a limited number of indicators knowing that one good market entry indicator is not sucient for a trader to generate systematic prots. This person will know when to enter positions by combining multiple indicators and considerable market intuition but, most importantly, his exposures will be managed by thorough risk management rules (OriginalTurtles.org, 2003; Covel, 2009 ).
The rst known backtesting of trading signals using historical data belongs to a professional astrologer from Antwerp, who in 1540 tried to distinguish himself by testing his astrological system, which he said could foretell local commodity prices (Ehrenberg, 1928; Lo and Hasanhodzic, 2010) . The main idea was to use stars as a way to generate random patterns. In the same spirit, we have constructed signal backtesting on a total of 21 commodity futures which can be categorized as grains, softs, energy, industrial metals and precious metals.
Commodities as an asset class refers to those raw materials that serve as a starting point for our society to create valuable products and services. While this set of raw materials keeps evolving in parallel with society, physical commodity trading has been based on the exploitation of geographical and timingbased market opportunities since ancient times. This translates into using market and logistical knowledge to buy commodities at a discount from producers to then sell them to customers at a premium.
Starting from the 18th century (Hamori et al., 2001 ), these markets drastically evolved with the introduction of nancial contracts (i.e. commodity futures contracts), which enabled producers and consumers to hedge their market risks and to adopt more transparent price formulae. Financial investors are part of the picture because they are willing to carry those exposures that physical participants do not want to have. Nowadays, futures contracts are the basic type of exchange traded nancial instrument for commodities, right at the intersection of physical and nancial trading.
However, there are still relatively few academic studies of technical analysis on commodity futures markets (Lukac et al., 1988; Lukac and Brorsen, 1990; Roberts, 2003) . A possible explanation is that the construction of a continuous price series using futures data is not straightforward. Once a specic contract is used to determine the price for a given trading day, there are multiple ways on when (Carchano and Pardo, 2009; Ma et al., 1992) and how NAS-DAQ, 2013; Pelletier, 2011) This pseudocode uses the following inputs: historical closing, high and low prices (P c , P h , P l ), a set of parameters given by DeMark (n, m, q, p, k) In row 3 of Algorithm 1, whenever a new price bar is available at time t, a counter will be updated. Its value s, which is initially set to zero, is increased by one (s = s+1) each time the following long condition is fullled:
with n = 4 according to DeMark. The counter increases only if there are consecutive closing prices satisfying eq. 1, otherwise it is set back to zero. A parallel counter is running based on a symmetrical short condition. If the long counter increases, then the short counter must be reset to zero, and vice versa.
DeMark sets m = 9 and whenever s = m then a Setup is complete. However, this will not reset the counter back to zero. A Setup ends only when the number of consecutive closes cannot be increased. 
4 and the Setup's width:
The same price bars also update support (sup) and resistance (res) levels: 
and u = 2, as suggested by DeMark. Only one of the two variants in eq. 5 should be used. We opt for the aggressive version in our backtests. These conditions are very similar to eq. 1: P l replaces P c , u replaces n and here the equality condition is also accepted. In addition, for both cases, the p-th bar completes the Countdown if, given the k-th price bar,
DeMark suggests to set p = 13 and k = 8. Given t,
A major dierence with the normal Countdown is that the bar check in eq. 7 starts from the rst bar of the Setup instead of the last (g. 5). at P c (t + 1). On the other hand, the conservative strategy enters at P c (t + 1) as soon as,
Eq. 8 is similar to the Setup check (eq. 1), but with a reversed test direction. We chose the conservative strategy in our backtests. Anyhow, the choice of the entry strategy does not seem to be the key factor for the performance of the indicator because the turning point has already been identied by a completed
Countdown. The entry strategy tries to optimize the timing by delaying an entry signal only for a few price bars (g. 5).
Sequential (in its traditional Countdown or its alternative Combo version) is a time-based indicator, which tries to identify areas of trend exhaustion that will lead to price reversals. It is made of up to two sequential phases: the rst one is the Setup, which tries to capture price momentum, and it is followed by the Countdown that looks for momentum exhaus- To generate a long entry signal with Sequential, the Setup has rst to identify a bearish momentum in the market. To do so, closing prices (or settlement prices for derivatives) are compared to the close n bars earlier (eq. 1). The idea of using n-days momenta to avoid noise is not unique and can be found also in Chan and Lin (2004) . A long Setup is completed when there are m consecutive closes, each one less than the corresponding close n bars earlier. Here the goal is to identify a continuous negative price velocity, i.e. a negative trend. There can still be price oscillations, but a n-days momentum guarantees that the amplitude is small enough and the period is short enough so that there is no interruption of the Setup.
According to DeMark, a negative price velocity is measured over four time periods (n = 4) and it has to be maintained for nine consecutive periods (m = 9)
in order to identify a trend. We think that the choice of a 4-days momentum is in line with the behaviour of many traders who are not interested in daily price moves as much as they are for price moves over a few trading days. As no surprise, risk management reports built for traders are often sent out on a weekly basis to limit noisy information and to be in line with the trader's way of thinking. If m ≤ 5, then we are sure that the closing price of the last Setup bar is lower compared to the rst bar so that a negative price velocity has actually moved the price down.
Setting m to 9 means adding additional trend checks to all the rst 5 bars: the closing price will trend down with continuity and the price from the rst to the last bar will have gone further down be- when the price returns into the shaded area, the current long position should be closed. Unfortunately, for Sequential there is no exit signal, therefore we will backtest all of our indicators only on their entry signals.
Lastly, a symmetrical algorithm generates a short entry signal for both Sequential and ST. In reality, there is no symmetry between uptrends and downtrends in the markets (Benyamini, 2009) . In fact, selling pressure can take long pauses, but when prices drop they tend do it at a high and constant velocity. On the other hand, buying pressure is relatively even and generates slower and longer uptrends. In commodities, bottoms have larger price oscillations than tops. Given these dierences, Sequential seems more suited for long entry positions just after fast price drops have occurred. In case of long-lasting selfsustaining uptrends, the risk for Sequential is to repeatedly suggest short entry positions while the trend is still ongoing.
Commodity Futures Markets

Description
A commodity market is a market that trades raw materials. The market is physical when the product is delivered to the buyer, otherwise it is purely nancial, for hedging, exchange for physical (EFP), investment or speculative purposes. Physical traders place themselves in between producers and consumers. They have the logistical and physical infrastructure that, combined with a knowledge of the market and its participants, enables them to buy commodities with a discount from producers and deliver them to customers with a premium. In parallel, -nancial instruments are used as a reference for pricing formulas and as a support for hedging and for EFP-based deals.
Contrary to physical trading, nancial investments need exposure to market prices to unlock prot op- 
· · ·
The front part of the curve is the most sensitive to spot price changes. Volatility is higher compared to the end part of the curve and correlations between nearby contracts on the front is lower compared to correlation of nearby contracts at the end of the curve.
The most straightforward way for investors to be exposed to commodity market prices is with outright exposure. This means that the forward market structure is ignored and long or short positions are entered just on one column of prices in Table 1 , for example on the front contracts to maximize volatility.
This trading style is the most common for technical traders. Blue curves in g. 6 represent continuous at prices while forward curves are in red.
Despite the product type, the delivery period is a additional dimension in commodity trading. The same product delivered in two dierent months can be considered as a dierent asset. A market is in contango when a contract that follows the current one is trading at a higher price on the red curve. Otherwise, when a following contract is trading at a lower price, the market is backwardated. Given a physical storage, there is a lower time pressure to sell when the forward curve is in contango because, after each month, the evaluation of the product is being rolled to a higher price. The black (unadjusted) curve is a generic continuous at price curve, generated by one of the rolling strategies described in the text. Given the price level and the market's contango, it could also represent a very steep front contango market on ICE Gasoil after a at price crash. Trading day 0 is the most recent trading day of the time period and the plot goes backwards in time, from right to left. The black curve shows price discontinuities on the rolling day. The blue curve, which is obtained as explained in the text to be neutral to contract jumps, is used to generate signals and to test their performance. This is an additional issue that we have to address before presenting the extensive results of our tests. 
The blue curve, which is neutral to rolling, is obtained by adding the adjustment ∆ to all prices (P c , P o , P h , P l ) prior to the rolling day.
Another method is the proportionally adjusted method. Instead of adding a x quantity ∆, the proportionally adjusted method multiplies all the prices prior to the rolling day by the quantity ρ:
Using such ratios has the advantage that negative 
The blue curve in Fig. 7 cannot be used directly to compute daily returns because settlement prices (P c ) can be negative or close to zero values and this would distort daily returns. A simple solution is to use the blue curve to compute the nominator in eq.
11 while the denominator uses settlement prices from the black unadjusted continuous at price curve. In fact, the blue curve shows correct changes in relative prices, while the black curve refers to the market's absolute price levels.
Finally, cash management plays a role on the PnL:
rolling to a contract with a higher value means that initial margin requirements will be higher whether the position is long or short. Without considering any portfolio eect, higher collaterals may force trading businesses to borrow more money for which additional interest rates should be paid. In this paper, performance is measured on the blue trading curve In this paper, we study the predictive power of each separate indicator. This is not sucient to guarantee the protability of an indicator, but it is already a rst step towards it. Protability requires a much broader discussion that we do not address here. In fact, traders use their intuition and their research skills to enter new positions (e.g. by combining several trusted fundamental and technical indicators), but protable traders are also excellent exposure managers. They handle multiple diversied strategies while keeping their portfolio volatility always under control and they know when it is the best moment to cut losses and to lock-in prots.
Predictive power can be studied on a single indicator by comparing conditional distributions of returns (conditioned on entry signals) with unconditional distributions of returns representing the market's performance (Lo et al., 2000) . A further step in the analysis could be to substitute conditional returns with a conditional return-to-risk ratio, for example the RiskReturn-Ratio (RRR) (Johnsson, 2010) . The conditional versus unconditional returns approach cannot combine longs and shorts on the same graph, but it is easy to implement and it oers graphical intuition. Unfortunately, with a p-value of 0.64 in the Kolmogorov-Smirnov test, the conditional distribution does not seem signicantly dierent from the unconditional distribution when the number of holding days is set to 14. A limit of this test is that it only tests the maximum gap between the two cumulative distributions without considering that each conditional quantile is overperforming its corresponding market quantile. In addition, the test assumes In-dependent and Identically Distributed (IID) returns, which is not plausible for nancial data (Lo et al., 2000) . So the failure of the Kolmogorov-Smirnov test to reject the null hypothesis, that the long Sequential entry signals do not over-perform the Cocoa futures market, may just be a result of its lack of power.
As no surprise, Monte-Carlo permutation tests (Aronson, 2007; Masters, 2010) These transformations use a normally approximated binomial method in accordance with Conover (1999) .
A limitation of this method is that it requires large samples, but this is not a problem for our permutation tests. Its strength is that it can be applied to any quantile. Given the number of randomized signals n 0 , the observed quantileq, the condence level α and Z α as the Z-statistic (e.g., Z 1−α ∼ 1.65 when α=95%), then the true quantile q has the following condence intervalq − ε ≤ q ≤q + ε with:
With n 0 = 400, α=95% andq=95% then 93.2% ≤ q ≤ 96.8%. When a p-value refers to a theoretical q = 95% quantile, we will conservatively pick â q=97% measured quantile from the empirical distribution. To avoid approximation, it is generally rec-ommended to use the exact Clopper-Pearson (1934) condence interval, which is well described by Agresti and Coull (1998) . Both methods provide the same rounded results for ε. All the quantile adjustments adopted in the permutation tests are listed in tab. 3. Left Tail
Right Tail Factor. This is a prot-to-loss ratio which is dened
Assuming that all trades have the same money allocation, P f can be rewritten as the sum of all returns from winning trades divided by the sum of returns from losing trades:
where N + and r + are respectively the number of win- 
the prot factor can be then written to obtain
A trading signal generates prots when P f > 1 and, by denition the break-even is reached when P f = 1. The desired condition is often P f > 2 (Harris, 2009 Given a xed number of holding days, as before, we consider the following performance metrics introduced in section 4.1: (i) mean return: Prot trade ; (ii)
Prot Factor P f dened in equation (13) and ( A natural extension of this work should investigate the data snooping bias, or selection bias (Daniel et al., 2009 ). The higher is the number of indicators being tested on the same historical data-set or the higher is the number of data-sets tested on the same indicator, the higher is the probability that luck had an impact on the most statistically interesting results.
Regarding this topic, Kuang et al. (2014) review and compare a broad range of data snooping tests on 25'988 trading rules over 9 currency markets, from
White's reality check (White, 2000) to more elaborated schemes. In our case, results do not seem to be driven by luck due to a relatively low number of combinations (3 trading rules over 21 data-sets). In Only then, if it is worth the eort, parameters can be optimized to maximize trading potential.
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Appendix A. Parameters used during the backtests 
